This paper presents a method for relocation of a mobile robot using sonar data. The process of determining the pose of a mobile robot with respect to a global reference frame in situations where no a priori estimate of the robot's location is available is cast as a problem of searching for correspondences between measurements and an a priori map of the environment. A physically-based sonar sensor model is used to characterize the geometric constraints provided by echolocation measurements of di erent types of objects. Individual range returns are used as data features in a constraint-based search to determine the robot's position. A hypothesize and test technique is employed in which positions of the robot are calculated from all possible combinations of two range returns that satisfy the measurement model. The algorithm determines the positions which provide the best match between the range returns and the environment model. The performance of the approach is demonstrated using data from both a single scanning Polaroid sonar and from a ring of Polaroid sonar sensors.
I. Introduction
Navigation is a central problem in mobile robotics 6]. The terms relocation and localization refer to two di erent scenarios for determining the position of an autonomous mobile robot with respect to a global reference frame 16] . The former is the direct measurement of the position in a way that is independent of assumptions about previous movements 8], while the latter is the continual provision of a knowledge of position which is deduced from its a priori position estimation 15], 5]. While there has been a large amount of work on continuous localization of a mobile robot using sonar, less work has been done on relocation. Relocation is an important problem for development of long-term autonomous systems, because it will be necessary for error recovery if a mobile robot gets lost. The present paper addresses a limited form of the relocation problem, in which it is assumed that the mobile robot has an accurate a priori map.
The problem of relocation using sonar was rst considered by Drumheller 8] . He developed a search procedure for determining the robot's position based on the Interpretation Tree method of Grimson and Lozano-Perez 11], 12]. Drumheller's approach is strongly based on the use of line segments as features that are extracted from scanning sonar data. Kuc 14] , however, has demonstrated that in a specular wavelength regime, sonar scans should be expected to consist of circular arcs, not straight line segments. Leonard 16] presented a simple thresholding technique for extracting these circular arc features from Polaroid sonar data. These features are called regions of constant depth (RCDs). RCDs are caused by specular planes and cylinders and also by corners and edges. Since most re ective surfaces in man-made environments contain specular re ectors, RCDs are a more natural and useful feature for sonar data interpretation than straight line segments.
Using range information from a single sensor only, the RCD features produced by edges and corners are indistinguishable from the RCDs produced by planes. Hence, the extension to apply Drumheller's method with RCDs in lieu of line segments is not straightforward. In addition, it would be highly bene cial to develop a technique which can be applied to sparse sonar data, collected by a ring of sensors, as well as to densely-sampled sonar data from a rotating sensor.
In the approach to relocation described in this paper, the environment is a room or area inside a building, which can be modeled in terms of four types of geometric primitives (corner, edges, cylinders, and walls). We assume that an approximate model of the objects in the environment is available, in terms of these types of features. In practice, a small hole or narrow crack between two objects that is not in the model can also produce range returns. The relocation method does not rely on an exhaustively detailed model, but instead can be applied when the locations of key environmental features are known.
Our work assumes a feature-based representation of the environment. Alternative formulations of relocation and continuous localization employing gridbased representations were considered by Moravec 13 ].
The structure of this paper is as follows: Section II reviews the sonar measurement model which is used to derive the geometric constraints employed in the relocation method. The details of the relocation procedure are speci ed in Section III. Experimental results obtained with the algorithm are presented in Section IV. Finally, Conclusions are drawn in Section V.
II. Measurement Model
Echolocation refers to the process of measuring the location of an object by determining the time for an echo to return from the object to the sonar, in response to an interrogating pulse from the sonar 1]. If the echoes re ected from an object can be simultaneously detected by multiple transducers 2], then one can also measure the direction to a re ection object. However, in the present paper, we assume that each transducer operates independently, and hence angle cannot be measured directly. Because of the wide beam pattern of the Polaroid sonar, the angle to the re ecting object cannot be reliably estimated from individual returns 16]. The measurement produced by the sensor is a range value r = ct 2 , where c is the speed of sound in air and t is the round-trip travel time from the sensor to the object and back.
A physics-based sonar sensor model can be used to derive the geometric constraints provided by echolocation measurements for di erent types of objects 16]. We assume that environmental features can be classi ed according to four types: planes, cylinders, corners, and edges. We approximate the world as being two dimensional, so that planes are represented by lines, cylinders by circles, and corners or edges by points. Examples of cylindrical features that might be encountered in an indoor environment include building pillars. We use the word \target" to refer to the environmental features. In addition, we assume that the surfaces of the environment are smooth in relation to the wavelength of the sonar. In a specular wavelength regime, rough surface di raction 4] can be ignored. If rough surfaces are encountered, extra returns will be produced at high angles of incidence from line targets; these will need to be rejected as outliers as a by-product of the constraint-based search procedure. 
where J 1 is a rst-order Bessel function, is the angle from the sensor axis, k = 2 is the wavenumber, and a is the radius of the transducer. For the Polaroid sensor, a = 39 mm and = 6:9 mm.
Bozma and Kuc 3] have found that with short, impulsive excitations, the beam pattern of the Polaroid transducer has a Gaussian shape and side-lobe e ects are minimized. However, with the standard Polaroid driver circuit, which uses a longer transmitted pulse, side-lobe levels can be signi cant. While under normal circumstances, a range return is produced by the main central lobe, returns can also be generated from the side lobes of the radiation pattern.
For specular surfaces, only the perpendicular portion of the surface re ects the beam directly back to the transducer 14]. For a line target, if we let t be the angle with respect to the x axis of a perpendicular drawn from the line to the sensor location, as shown in Figure 1 , the range of values of sensor bearing, s , that can produce a range return is t ? 2 s t + 2 ; (2) where is de ned as visibility angle of the target and represents the maximum range of angles over which a return is produced by a target. We de ne Equation 2 as the sensor orientation constraint.
For a point target such as a corner or edge, the range of values of s is identical to Equation 2, except t in this case is de ned as the angle between the x axis of the global reference frame and the line drawn from the sensor location to the point that de nes the location of the point target. In practice, edge targets will be visible over a smaller range of angles than other types of targets, because they provide weaker returns. However, in this paper we adopt the conservative strategy of using the large value of = 50 for all types of targets.
A cylinder is represented by a circle and is de ned
by the x and y coordinates of the center and the radius of the circle. t for a cylinder is de ned as the angle between the x axis of global reference frame and the line drawn from the sensor location to the center of the cylinder.
III. Relocation Procedure
Relocation is basically a searching problem that nds the best correspondence between sensor data and the model features. Thus the reduction of the search cost as well as the accuracy of the result is very important. If we have m data features (sonar returns) and n model features, the search cost will grow at the rate of (n + 1) m when we use the basic Interpretation Tree algorithm of Grimson and Lozano- Perez 11] . To reduce the number of data values to be considered in such a procedure, one method is to group sonar returns that are hypothesized to originate from the same environmental object into a \data feature". This was the motivation for Drumheller to extract straight line segments from sonar scans, to serve as input to the data.
In Drumheller's work, line segments extracted from sonar scans were e ectively used as constraints for relocation. A line segment can reduce dramatically both the search cost and the angle uncertainty of the robot's con guration. As stated earlier, however, it is dicult to extract line segments from even densely sampled data because most of the object surfaces in an indoor environment can be considered to be specular. Furthermore, it is impossible to extract line segments from sparse data such as a circular ring of 16 sonar sensors.
The relocation method presented here uses the constraints derived from a physics-based measurement model in a hypothesize and test search procedure 11]. The algorithm can employ either individual sonar returns or multiple adjacent sonar returns grouped together (circular arcs) as data features. For simplicity, we state the algorithm in terms of the situation when all sonar returns are referenced to the center of the robot, but the method can be generalized to accommodate arbitrary sonar con gurations.
The method is summarized in Algorithm 1. The key steps are described below:
Step 1: generation of trial positions. Figures 2 to 4) .
For associations that match both returns to plane targets, many infeasible pairings can be quickly removed without calculation of a trial position through application of a binary angle constraint 11]. The binary angle constraint tests the relative orientation of the measurements f i and f j against the di erence in angle between the normals of F p and F q , to see if they agree within the target visibility angle . Additional binary constraints based on intersection of visibility regions for di erent targets can also be incorporated in the method.
Step 2: removal of infeasible trial positions.
For each trial positionx k calculated in step 1, a trial angle is calculated for the sensor using the mean of the angle to each target from the trial position. Then, predicted sonar returns are generated for the features Step 3: matching of additional range val- ues based on the hypothesized location. Predicted returns (range and angle) are generated for each model feature that is visible from the trial position and matched to the remaining ranges in the data set. Predicted rangesR t and actual ranges R t are compared with a set threshold jR t ? R t j r e
If Equation 3 holds true, we get a successful match.
The value of r e is chosen based on the range accuracy of the sensor and the uncertainty of the trial position. If multiple predicted ranges match a measured range, then the closest prediction is used.
Step 4: pose re nement using least squares estimation. For each trial position, suppose that K is the number of matched predictions and observations determined in step 3. If K is greater than a minimum number of matches N, then a least squares algorithm is used to compute an improved location and orientation estimate for the robot based on all of the matched predictions and observations, and this location is added to the solution set. An additional parameter , is used to control the size of the solution set. If K? is greater than N, then the solution set is pruned by removing any solutions with with less that K ? matches, and N is set to K ? . In our experiments, good results have been obtained with = 0. By increasing the value of to a larger value, such as = 2, a greater number of solutions is provided, and a better insight into the the algorithm's performance can be obtained.
Step 5: clustering of computed locations. The locations in the solution set are clustered together to produce a single solution for each set of locations within a speci ed error range (x e , y e , e ) of one another.
IV. Experimental Results
The algorithm described above has been implemented with several data sets, including data from a single scanning Polaroid sonar and from an array of xed transducers. The sonar scan data was taken from Leonard and Durrant- Whyte 16] . Circular arc features were extracted as in 16] and supplied as input to the relocation procedure. The algorithm parameters were set to the values: = 30 degrees, x e = 0:1 m, y e = 0:1 m, e = 10 degrees, and r e = 0:05 m.
The results of the method for a sequence of 18 sonar scans are shown in Figure 5 and Table I . The robot's actual position was measured carefully by hand to an accuracy of approximately 2 millimeters and 1 degree. Figure 6 shows the set of circular arc features used as input for several scans, and the set of circular arc features successfully matched for these positions.
Sonar range values from a ring of sonar sensors were obtained using a Scout mobile robot from Nomadic Technologies, Inc. The robot is equipped with 16 sonar sensors spaced at 22.5 degree angular intervals. The range resolution of the sonar data is 0.025 m. The data sets were acquired at a sequence of 84 locations in a room as shown in Figure 7 . The objects in the room were paper boxes, desks, a cylinder and triangular shaped object made of metal. Narrow cracks between some of the objects were not modeled. The positions were distributed fairly evenly around the room, and a range of robot orientations were considered. The algorithm parameters were set to the values: = 50 degrees, x e = 0:1 m, y e = 0:1 m, e = 10 degrees, and r e = 0:1 m. Table II show the results for the ring sonar data. The robot's actual position was estimated by using the initialization technique for the model-based localization method described by Leonard 16] . This method was determined to be accurate to within approximately 0:02 meters and approximately 2 degrees, based on comparison with handmeasured vehicle locations.
Figures 8 and 9 and

V. Conclusion and Discussion
A method for mobile robot relocation using sonar has been implemented and tested with real data obtained in an indoor environment. The method can determine the position of a Nomad Scout robot within a known room to an accuracy of approximately 3 centimeters and approximately 3 degrees.
Since most object surfaces in an indoor environment are specular, it is di cult to extract line segment features reliably in typical indoor environments using data obtained from only one position. The algorithm presented in this paper can be applied to individual sonar returns, or groups of returns combined together to form circular arcs. Geometric constraints derived from a physics-based sensor model are used in a \hy-pothesize and test" search technique. Trial positions and orientations of the robot are calculated by considering all possible pairs of range values and model primitives that satisfy the geometric constraints. The algorithm determines a set of positions that produce the best correspondence between the environment and the measurements.
A critical issue with this type of algorithm is to consider its performance when the model does not fully match the environment. The method reported in this paper exhibited good performance in limited testing when objects were present in the environment but not in the model, and when objects were present in the model but not in the environment. In preliminary experiments, we found that the introduction of an unmodelled object led to position errors of less than 10 cm and angular errors of less than 10 degrees for the environment shown in Figure 7 .
Although many indoor surfaces are indeed specular, rough surface re ections can be important in many environments. Incorporation of echolocation constraints from rough surfaces is more di cult because di racted sonar returns provide weaker geometric constraints than specular sonar returns.
An additional topic to consider in future research is to combine a heuristic search termination strategy with a pre-selection method that can consider datato-model pairings that have a higher likelihood earlier in the search process 11]. This could result in a signi cant decrease in computation time, but might lead to erroneous results in environments such as building corridors that exhibit a high degree of symmetry. Further testing is necessary to determine the performance of the method in very large environments.
An additional constraint that might be employed to disambiguate multiple possible hypothesized positions would be to apply the sonar barrier test employed by Drumheller 8] . This test would reject any hypothesized positions which have measured sonar returns which \penetrate" planar objects at near-orthogonal angles of incidence. We believe, however, that the sonar barrier test may cause problems in situations when there are unmodeled objects present or when there are objects in the model which are no longer in the same positions in the environment.
The true test of a relocation method will be its performance using maps built autonomously by the robot 21], 10], 22], 23]. We believe that the approach adopted in this paper o ers su cient generality such that integration with concurrent mapping and localization can be achieved without major modi cations. A search-based relocation algorithm, using geometric constraints derived from individual sonar returns, can enable successful mobile robot relocation in a wide range of operating environments. . maximum range of angles over with a target is visible (50 degrees for Polaroid sonar) 11: N . initial value for the minimum number of matching 12:
sonar returns for each position in x (typically six) 13:
. maximum di erence in the number of matching sonar returns 14: for each location in the solution set (typically zero) . group positions in x into clusters based on the tolerances xe; ye; e 60:
and replace the set x by the set of average positions for each cluster 61: x sort(x). sort solutions based on number of matches and residual from least squares computation 62: return x; M Algorithm 1: Summary of the relocation procedure.
